Lumpy skin disease virus (LSDV) is an infectious disease of cattle transmitted by arthropod 20 vectors which results in substantial economic losses due to impact on production efficiency 21 and profitability, and represents an emerging threat to international trade of livestock 22 products and live animals. Since 2015, the disease has spread across many Eastern European 23 countries as well as Russia and Kazakhstan. This rapid expansion highlights the emergent 24 nature of the virus in more temperate regions than those in which LSDV traditionally 25 occurred. The goal of this study was to assess the risk for further LSDV spread in Eurasia 26 through a) analysis of environmental factors conducive for LSDV and b) estimate of the 27 underlying LSDV risk using a fine spatiotemporally explicit Bayesian hierarchical model on 28 LSDV outbreak occurrence information. We used ecological niche modeling to estimate the 29 potential distribution of LSDV outbreaks for 2014-2016. This analysis resulted in a spatial 30 representation of environmental limits where, if introduced, LSDV is expected to efficiently 31 spread. The Bayesian space-time model incorporated both environmental factors and the 32 changing spatiotemporal distribution of the disease to capture the dynamics of disease spread 33 and predict areas in which there is an increased risk of LSDV occurrence. Variables related to 34 the average temperature, precipitation, wind speed, as well as land cover and host densities 35 were found to be important drivers explaining the observed distribution of LSDV in both 36 modeling approaches. Areas of elevated LSDV risks were identified mainly in Russia, 37 Turkey, Serbia, and Bulgaria. Results suggest that prevailing ecological conditions may be 38 compatible with further spread of LSDV in Eurasia, though models should be continually 39 updated to reflect the current epidemiologic conditions. The results presented here advance 40 our understanding of the ecological requirements of LSDV in temperate regions and may 41 help in the design and implementation of prevention and surveillance strategies in the region.
Introduction
Lumpy Skin Disease is a vector-borne disease of cattle caused by a Capripoxvirus Ecological niche model (ENM) 141 The modern use of ENMs is based on the "BAM" framework (Soberón & Peterson, The definition of the study area is an important step for niche modeling given that 155 administrative boundaries are often not epidemiologically meaningful and the choice of M 156 has a strong impact on model predictions (Barve et al., 2011) . To define M, we created a 157 regular spatial fishnet grid consisting of square 20 x 20 km cells covering the whole 158 geographic area where LSDV outbreaks occurred (Fig.1) . Two different M's were 159 constructed: a broader M1 considered the distance between the centroid of all locations and 160 the farthest outbreak location (238 km), and this distance was used to create a buffer around 161 the outbreaks locations. M1 was used as the ENM calibration area assuming that the virus 162 could potentially make long-distance jumps; M2 used a 60 km buffer around the outbreak 163 locations, which was based on estimates of spatial spread of LSDV (Mercier et al., 2018) . M2 164 was used as a more conservative approach to identify areas with greater risk for LSDV based 165 on factors associated with more localized LSDV spread, as modeled by the Bayesian 166 spatiotemporal models (Fig. 2) .
168
Independent variables 169 We included bioclimatic variables (environment), landscape variation (altitude and 170 land cover), and animals density (sheep and cattle) as potential predictors of LSDV 171 suitability. Bioclimatic variables (temperature, precipitation, solar radiation, wind speed, 172 water vapor pressure) were collected from WorldClim2 (Fick &Hijmans, 2017 , 1991; Lawson, 2013) .
237
The first model (LSDV-1) ignored temporal effects and only considered the 238 aggregated number of outbreaks , taking into account the spatially structured and 239 unstructured variation in LSDV risk:
where is the intercept representing the overall level of the relative risk in the study area, 242 and , , respectively describe the spatially unstructured and structured variation in LSDV 243 risk across M2. A weakly informative Gaussian distribution N (0, 2 ) was used as the prior 244 distribution for the spatially unstructured random effect , while the spatially structured 245 effect was modeled with a conditional autoregressive structure as previously described 246 (Knorr-Held & Besag, 1998) .
247
The second model, known as "BYM2", which included a scaled generalized marginal 
We follow (Simpson et al., 2017; Fuglstad et al., 2017) to construct a join penalizing 259 complexity (PC) prior density, as default we used Prob ( 1 √ >0.3/0.31)= α assigned to all the 260 standard deviations of all random effects and for models LSDV 2 to 4 Prob (ϕ < 0.5 = 0.7). In 261 addition, we investigated the sensitivity of our results to other less informative priors with 262 larger ranges and strong penalized priors. 263 We computed the Deviance Information Criterion (DIC) for model selection 
Results

288
Descriptive results 289 Overall, LSDV outbreaks tended to be seasonal and concentrated in late summer 290 months. However, after the introduction of LSDV to Russia in 2016, there appeared to be an 291 additional pulse of outbreaks in September (Fig. 1) . The corresponding geographical 292 distribution of the total number of reported outbreaks for the entire study period is (Table 2) . Among 312 these effects, the spatiotemporal interaction (δ) explained most of the risk variance (56.2%), 313 followed by the spatially structured effect (ν) (42.8%), both temporal effects had little 314 contribution (φ=0.5% and γ=0.4%), and the spatial unstructured effect had a negligible 315 contribution of 0.1% (Table 3) .
316
The estimated relative risk for LSDV incidence presented a heterogeneous spatial 317 gradient in which values in central Turkey, Bulgaria, Albania and Greece and southeast of 318 Russia were consistently high throughout the study period. Lower risk were found in border 319 areas between southern countries (see Fig.4 for 2016 adjusted RR, see supplement figures 1 320 and 2 for the monthly estimations of the complete study period). variables were maximum temperature, precipitation and wind. Temperature was the strongest 331 risk factor, with an increase in the incidence of LSDV of 177% for every increase of one 332 standard deviation (Table 4 ). Likewise, for each standard deviation unit increase in 333 precipitation, number of outbreaks were estimated to increase by 39% (Table 4 ). Finally, 334 higher wind speeds were negatively associated with LSDV incidence (66% per standard 335 deviation unit increase) (Table 4 ). While none of the land cover variables were strongly 336 associated with LSDV outbreaks, several land cover classes had posterior distributions that 337 were centered above one (i.e., Arable land, Wooded savannah, and others). Although no 338 single land cover class was strongly associated, the results taken together suggests that land 339 cover may play a role in determining outbreak risk (Table 4 ). Further studies should be performed to confirm the capacities of ENM to forecast the 376 potential distribution of LSDV, moreover, models should also include future climate 377 scenarios in order to identify potential shifts in the disease distribution special in areas of 378 translational elevation which may become suitable for the occurrence of potential vectors 379 (Hopp & Foley, 2001; Patz et al., 2005; Gubbins et al., 2018; Tuppurainen et al., 2018b) .
340
380
The Bayesian spatiotemporal model identified potential patterns of LSDV during the 381 study period and identified potential risk factors. This study is the first attempt to explore 382 nonlinear trends in LSDV epidemic areas. We identify significant spatiotemporal variation in 383 disease risk, which was expected since most infectious diseases have multiple causes that 384 often vary in the space and in time. We captured this variation by ignoring administrative 385 boundaries and instead used a grid cell constructed based in previously studies that estimated 386 the potential distance that LSDV could potential travel (Mercier et al., 2018) . The model 387 identified spatiotemporal variation and highlighted the importance of the interaction term 388 between the space and time effects, which was more relevant than the spatial structured risk 389 itself in explaining LSDV outbreaks (Table 3) , previous studies have neglected the inclusion 390 of space-time (Allepuz et al., 2018) , which is known to produce more accurate models and 391 reveal more spatial and temporal structure (Zehang et al., 2019) . The identified hot areas with 392 increased infection risk after controlling for the contribution of maximum average 393 temperature, monthly precipitation and average wind speed were mapped (Fig.4.) . Analyzing 394 the spatial risk over several months (i.e., months 6, 7, 8, 18 and 29, see & VanderWaal, 2016; Tasioudi, et al., 2016; OIE, 2016; Hunter & Wallace, 2001; 402 Eeva, et al., 2018) . A contradiction and unresolved topic is the role of wind in the spread of where risk of LSDV is predicted to be reduced when winds are stronger. This is in agreement 411 with a study calculating the risk of LSDV introduction to France, which found that the 412 chances of passive transportation by wind to France would be negligible (Saegerman et al., 413 2018). It is also possible that, in our models, wind was correlated with some other spatially 414 variable factor that was not captured by any other variables included in our model. 415 We also identified temperature as increasing the relative risk for LSDV, which has 416 also been described in several other publications (OIE, 2016; Hunter & Wallace, 2001; 417 Allepuz et al., 2018) . In a recent report from EFSA that used a very similar approach where the region where LSDV occurred was divided into a 25x25 km grid, it was found that the 419 temperature was a good proxy for disease occurrence in Albania and also in line with the 420 on building a pipeline with the capacities for a near-real time risk forecast in the region.
455
The ENM developed in this study demonstrated the ability to estimate the past 
